We quantify the rate of sea level rise around the Australian continent from an analysis of tide gauge and Global Positioning System (GPS) data sets. To estimate the underlying linear rates of sea level change in the presence of significant interannual and decadal variability (treated here as noise), we adopt and extend a novel network adjustment approach. We simultaneously estimate time-correlated noise as well as linear model parameters and realistic uncertainties from sea level time series at individual gauges, as well as from time-series differences computed between pairs of gauges. The noise content at individual gauges is consistent with a combination of white and time-correlated noise. We find that the noise in time series from the western coast of Australia is best described by a first-order Gauss-Markov model, whereas east coast stations generally exhibit lower levels of time-correlated noise that is better described by a power-law process. These findings suggest several decades of monthly tide gauge data are needed to reduce rate uncertainties to <0.5 mm yr −1 for undifferenced single site time series with typical noise characteristics. Our subsequent adjustment strategy exploits the more precise differential rates estimated from differenced time series from pairs of tide gauges to estimate rates among the network of 43 tide gauges that passed a stability analysis. We estimate relative sea level rates over three temporal windows (1900-2011, 1966-2011 and 1993-2011), accounting for covariance between time series. The resultant adjustment reduces the rate uncertainty across individual gauges, and partially mitigates the need for century-scale time series at all sites in the network. Our adjustment reveals a spatially coherent pattern of sea level rise around the coastline, with the highest rates in northern Australia. Over the time periods beginning in 1900, 1966 and 1993, we find weighted average rates of sea level rise of 1.4 ± 0.6, 1.7 ± 0.6 and 4.6 ± 0.8 mm yr −1 , respectively. While the temporal pattern of the rate estimates is consistent with acceleration in sea level rise, it may not be significant, as the uncertainties for the shorter analysis periods may not capture the full range of temporal variation. Analysis of the available continuous GPS records that have been collected within 80 km of Australian tide gauges suggests that rates of vertical crustal motion are generally low, with the majority of sites showing motion statistically insignificant from zero. A notable exception is the significant component of vertical land motion that contributes to the rapid rate of relative sea level change (>4 mm yr −1 ) at the Hillarys site in the Perth area. This corresponds to crustal subsidence that we estimate in our GPS analysis at a rate of −3.1 ± 0.7 mm yr −1 , and appears linked to groundwater withdrawal. Uncertainties on the rates of
since 1900, as inferred from tide gauges, and 3.1-3.2 mm yr −1 from satellite altimetry and tide gauges since 1993 (Nerem & Mitchum 2001; Bindoff et al. 2007; Church & White 2011) . Observed rates of global sea level rise since the early 1970s and since 1900 (Gregory et al. 2013) are consistent with global estimates of the components of ocean volume change, within the uncertainties in the various data sets. There is considerable variability around the globally averaged rate of sea level rise in smaller regions of the oceans (Church et al. 2004; Jevrejeva et al. 2006) . In this study, we analyse the tide gauges around continental Australia to more accurately quantify the spatial variation of relative sea level change. We investigate the effects of time-correlated noise on the uncertainty in the linear rates of relative sea level change estimates for Australia, and present an adjustment method that reduces this uncertainty by taking advantage of additional information within the data set from this network of tide gauges using a technique modified from Burgette et al. (2009) . Additionally, we analyse the records of continuous Global Positioning System (GPS) receivers nearest to tide gauges to obtain estimates of geocentric sea level rise, separating the effects of vertical land motion from observed relative sea level change. The greater detail possible in this regional study is an important complement to global studies of vertical land motion at tide gauges, (e.g. Woppelmann et al. 2009; Bouin & Woppelmann 2010; King et al. 2012; Santamaría-Gómez et al. 2012) .
Analysis of many geophysical time series, including vertical land motion derived from space geodetic techniques as well as sea level derived from tide gauges, is complicated by the presence of timecorrelated noise (Agnew 1992) . In this study, we seek to resolve the linear rate of sea level rise from time series of relative sea level that include other signals with often much larger variances than the long-term sea level change signal in which we are interested. In the case of monthly sea level data, higher frequency signals such as wind waves and swell are effectively attenuated, both mechanically with stilling wells at many tide gauge installations and through data averaging. The monthly averaging also serves to attenuate tidal signals, including those at fortnightly and monthly periods. In addition to providing a simple and effective tidal filter, monthly averaging provides a consistent record for gauges that in some cases have had different frequencies of observations recorded through time. At most tide gauges, the dominant signal in a time series of monthly means is the seasonal cycle caused by periodic variations in water temperature, wind, air pressure, currents and longer period tidal signals. Similar processes produce additional signals at interannual and longer time scales.
Central to any estimation or analysis of rates of sea level rise is the partly philosophical issue of unravelling signal versus noise. Here, we have chosen to quantify the underlying signal which we hypothesize is of climatic origin and assume to be linear over the time periods considered. The longer period time-correlated noise in time series of tide gauge observations is the result of other physical climatic and oceanographic processes (and potentially non-linear vertical land motion). However, given the potential complexities and uncertainties of these processes, in this study, we treat all departures from a periodic seasonal cycle and constant rate of change of sea level as noise. An example of the potential complexities can be seen in a study of the Fort Denison tide gauge record in Sydney Harbour (Holbrook et al. 2011) . Much of the interannual to decadal variation in the tide gauge time-series lags climate indices, such as the Southern Oscillation Index, by years. Holbrook et al. (2011) investigated the sea level anomalies with a deterministic model of the regional ocean and found that much of the residual signal in the record can be explained by the effects of propagating Rossby waves interacting with the East Australian Current. Therefore, given the continent-wide scope of this study, and our incomplete knowledge of the forcing mechanisms that generate the residual signals around Australia, we do not seek to quantitatively explain signals beyond a simple linear model. However, we estimate realistic uncertainties for model parameters using an analysis that explicitly investigates the nature of time-correlated noise in sea level time series.
Most studies of sea level change attempt to reduce the effects of the noise in tide gauge records by identifying and removing common mode noise that is shared temporally and spatially between gauges in the network. If there are sufficiently long tide gauge records, one can average the residuals from linear fits of a few long-duration stations to remove the common mode noise from all of the records that share the noise (e.g. Woodworth et al. 1999) . Another approach uses principal component analysis to solve for the shared noise from multiple time series (e.g. Aubrey & Emery 1986) , but this technique is best suited to records with consistent length and complete data sets. Additionally, this technique has the complication of requiring either the de-trending of the time series before the analysis or separating out the common mode trend from shared noise after the analysis. In this study, we use an alternative technique that uses the rates of many intersite differenced time series as weighted observations in a generalized least-squares adjustment to determine more accurate linear rates of sea level change for all of the tide gauges in the network (Burgette et al. 2009 ). This technique uses all of the available data within the analysed time period, and handles missing data without requiring interpolation. Significantly, for the case of Australia where the coastline borders different oceanic basins and includes both eastern and western boundary currents, our technique analyses the data from the entire coastline, taking advantage of the precise relative rates between nearby tide gauges around the entire perimeter of the continent without requiring a single master record. We analyse our data sets over consistent temporal windows to further minimize the bias of noise in the time series for assessing spatial variations in sea level change rate.
NAT U R E O F N O I S E I N T I M E S E R I E S
The residual time-correlated noise from tide gauge records has a 'coloured' power spectrum, with greater power at lower frequencies (Fig. 1) . As with other geodetic time series, the time-correlated noise in many tide gauge records appears to represent a power-law process (Agnew 1992; Mazzotti et al. 2008) . Power-law noise is distinguished in the frequency domain by the relationship between power (P) and frequency (f ),
where P 0 and f 0 are normalizing constants and κ is the spectral index (Mandelbrot & Van Ness 1968) . Special cases of spectral indices of 0, −1 and −2 correspond to white, flicker and random walk noise, respectively (Fig. 1 ). While noise generated by some geophysical processes seems to produce power-law noise with a particular integer spectral index, fractional values of κ have been inferred for other processes (e.g. Agnew 1992; Williams 2003) .
More negative values of the spectral index correspond to greater degrees of time correlation in the time series, with greater noise power at periods approaching the time-series length. Greater power in the lowest frequency noise consequently creates greater levels of uncertainty in estimating the trend over the length of a full record. A second noise model that we consider in our analysis of sea level show best-fit noise spectra for the two candidate noise models we consider (see legend in top panel). Reference lines in lower panel show slopes in the spectral domain corresponding to integer spectral indices for white, flicker, and random walk power-law noise. Sydney is best matched by a white + power-law noise model (wh+pl), whereas the Fremantle spectrum is significantly better fit by a white + first-order Gauss-Markov model (wh+gm).
time series is first-order Gauss-Markov noise. First-order GaussMarkov noise shows increasing power with lower frequencies as per random walk power-law noise, but at the lowest frequencies resolved in the time series (beyond a crossover frequency, f c ), the power flattens to a constant level. The power spectrum for this noise follows the relationship
(2) (Langbein 2004; Williams & Willis 2006 ). For a given noise level, the trend of a time series characterized by a first-order GaussMarkov noise model can be estimated with greater confidence than a time series characterized by a power-law noise model approaching random walk, as the noise does not interfere with the trend at the lowest frequencies. Ordinary least-squares regression assumes that the residual noise is white, with no temporal correlation between the residuals. Consequently, determinations of linear trends from time series with time-correlated noise can underestimate the uncertainty on the rate parameter significantly (e.g. Zhang et al. 1997) . Analyses of other time series of geodetic measurements have explicitly taken into account the effects of the spectral signature of the residual noise for over a decade, for example, in determining crustal velocities from GPS data (Langbein & Johnson 1997; Zhang et al. 1997) . While some sea level studies have accounted for effects of serial correlation using lag-1 autocorrelation (e.g. Maul & Martin 1993; Burgette et al. 2009; Chambers et al. 2012) , few sea level studies have directly investigated the effects of long-period time-correlated noise in the data, with some recent exceptions (Mazzotti et al. 2008; Hughes & Williams 2010) . In this study, we use a maximum likelihood estimation (MLE) technique (Williams 2008 ) to determine linear model parameters with realistic uncertainties while simultaneously solving for the magnitude of white and coloured noise in the time series.
M E T H O D S

Sea level data and analysis
Continental Australia provides a good location for an in-depth study of regional sea level change, as there have been more than 120 tide gauges in locations around an entire shoreline that borders different ocean basins. Two of the tide gauges are among the longest running in the Southern hemisphere, but the majority have much shorter durations. The regional scope of this study allows in-depth inspection of the tide gauge and GPS records, and we are able to investigate the feasibility of using shorter duration observations to add spatial density on scales that are not practical in global studies. Our approach involves first identifying a set of the highest quality tide gauge records available around Australia, adding more recent stations to the list analysed in previous studies of sea level rise around the continent (Aubrey & Emery 1986; Lambeck 2002; Church et al. 2006) . By conducting our analysis over three time periods with sets of consistent data, we minimize effects of record length on the estimation of rates. We use the CATS software (Williams 2008) to estimate the linear rate of sea level change and the noise properties of each individual time series as well as differenced time series between pairs of relatively close tide gauges (separated by tens to hundreds of kilometres). The individual and intersite differenced rates are then used as the input to a least-squares adjustment to refine our estimates of the rate of sea level change at each tide gauge site in the network. We outline our data selection process and adjustment theory in the following sections.
Sea level data selection
We analysed monthly mean relative sea level data for all tide gauges on continental Australia available from two sources. The Permanent Service for Mean Sea Level (PSMSL) archives data collected by a variety of different agencies around Australia, and includes records that extend back to the late nineteenth century at some gauges (Woodworth & Player 2003) . The PSMSL sea level records have been collected for a variety of reasons, and have varying levels of quality. We initially consider both the 'metric' and 'revised local reference' (RLR) sets of PSMSL data. The other source of data is the Australian Baseline Sea Level Monitoring Project (ABSLMP; NTC 2011). The ABSLMP data are collected at a network of 15 tide gauges distributed around the Australian coastline, installed in the period 1990-1993 with the purpose of precisely monitoring sea level change. All of the ABSLMP stations are regularly monitored for vertical stability with respect to local tide gauge benchmarks using high-precision levelling (NTC 2011) . We limited our analysis to tide gauges with data collected over at least the period of 1993.0-2009.0.
Although most of the data have been screened for quality in some way, we conducted a further check on the consistency of each time series by systematically differencing it with its 10 closest neighbours (Fig. 2) . For this screening step, we removed a site-specific seasonal cycle (annual + semi-annual periods) from each record before forming differences to more clearly reveal the long-period intersite sea level variations. We removed sites that showed obvious steps and/or marked changes in slope relative to two or more of their neighbours (Table S1 ). We discarded sites rather than estimating datum changes as our detection limit changes with network density through time, and the presence of clear problems may indicate other significant, but less obvious issues. This process identified problems such as splicing records of two separated tide gauges into one time series (e.g. Bundaberg and Burnett Heads) as well as other unknown likely datum instabilities. Through this iterative process of data selection, we retained all of the ABSLMP stations, 81 per cent of the PSMSL RLR sites not included in the ABSLMP, and 26 per cent of the PSMSL metric records not redundant with the RLR. Differenced time series at 18 sites showed early or late data that differed from the trend defined by the majority of the time series, and in these cases, we have excluded the divergent months, retaining temporally contiguous data that appear to be referenced to a constant datum (Table S2) . We combined the records at five tide gauge locations that had different durations in different data sources in cases where the resulting time series show a consistent trend.
Interannual variations in sea level can bias estimates of long-term rates calculated from different time periods. To capture the spatiotemporal variations of sea level change, we focus our analysis on three temporal windows with consistent data sets. Many of the current Australian tide gauges were installed in the early 1990s, and our first (and most recent) window includes all data collected from 1993.0 to 2011.0 at 43 stations. This time period coincides with the collection of satellite altimeter data beginning with the TOPEX/Poseidon mission. A number of other tide gauges began operating in the mid-1960s, and our second temporal set contains records from 1966.0 to 2011.0 at 14 stations. Our third window includes the two longest duration tide gauges from 1900.0 to 2011.0.
Time-series analysis
For each individual tide gauge time series, as well as intersite differenced time series, we estimate a linear model using the CATS software (Williams 2008) . The model parameterises the linear rate and offset in addition to annual and semi-annual periodic components (Fig. 2) . The CATS software simultaneously solves for the magnitude of white noise as well as the magnitude and character of time-correlated noise in each time series using a MLE approach. We employ a default noise model of white + power-law noise (wh+pl), with the spectral index of the power-law noise (κ), solved as a free parameter, in addition to the magnitudes of white and power-law noise. We also employ an alternative noise model of white + firstorder Gauss-Markov noise (wh+gm). In this model, the spectral index is fixed to −2, and there is a parameter for the low-frequency crossover to frequency-independent (white) noise ( f c in eq. 2). The scaling of noise magnitudes employed in the CATS package ensures that power spectra of both noise models cross over at the same frequency given equal noise amplitudes and sampling frequencies (Williams 2003) .
Although the wh+pl and wh+gm models have the same number of parameters, MLE fitting commonly identifies wh+gm noise as being more likely, even in cases of the underlying noise being produced by a power-law process (Langbein 2004; Williams & Willis 2006; Santamaría-Gómez et al. 2011 ). The wh+gm model is often estimated as a better fit to data with noise generated by power-law processes as the removal of a trend from raw data reduces the power at the lowest frequencies of the residual time series (S. Williams, personal communication, 2011) . Following the previous studies applying this technique to electronic distance measurement, Doppler Orbitography and Radiopositioning Integrated by Satellite (DORIS) and GPS time series, we conducted Monte Carlo tests on 500 synthetic time series with characteristics appropriate to the tide gauge data studied here. The synthetic time series were generated using a power-law noise model with parameters defining the time-series length, periodic signals, noise amplitude and spectral index all representative of those estimated from the 1966-2011 Fremantle record. We use the estimated parameters from Fremantle as its wh+pl noise estimates are representative of all the sites with full records in the 1966-2011 period, and its long duration yields a consistent model for simulating time series of all time spans we consider. We analysed each synthetic time series with CATS using both wh+pl and wh+gm noise models to determine an appropriate log maximum likelihood difference (δML) threshold to reject our null hypothesis of wh+pl noise and accept the wh+gm model. Similar to the results from synthetic time-series representative of continuous GPS (Santamaría-Gómez et al. 2011) , the 95th percentile corresponds to a δML of 4.1. For time series that exceed this δML, we use the parameter estimates from the wh+gm noise model. Using the same simulated parameters, but changing the spectral index from −1.4 to −0.6 slightly reduces the 95th percentile δML to 3.5, and does not change the outcome of our analysis. The same analysis applied to records of the length and noise character of the 1900-2011 Fremantle record yielded a δML of 1.8 at the 95 per cent level, and we apply this criterion only to records of over a century in length. We have also investigated a white + generalized Gauss-Markov (wh+gg) noise model, in which the spectral index of the noise is estimated as an additional parameter, as well as the magnitude of the Gauss-Markov noise and crossover frequency. In many cases, the wh+gg results included unreasonably high-noise amplitudes, κ < −10 and very high crossover frequencies. The trade-offs between these three parameters and the fact that the time series that are best fit by a Gauss-Markov process with typical estimated spectral indices −1 > κ > −2 (when analysed with wh+pl) dictates that the wh+gm model with the value of κ fixed to −2 achieves a similar level of fit with one fewer degree of freedom compared to the wh+gg model. Based on these observations, we consider the white + first-order Gauss-Markov model (wh+gm) to be optimal for time series that are not well-described by power-law noise at low frequencies.
Least-squares adjustment
Estimated linear rates of intersite differences of nearby tide gauge time series generally have much lower uncertainties than those estimated from the time series of individual sites, and are less sensitive to the record duration (Fig. 3) . The common-mode ocean signal, which we consider here to be long-period time-correlated noise, is largely removed by the intersite differencing (Fig. 2) . As the structure of the noise remaining in the differenced time series is unique to each pair of tide gauges, we obtain many estimates of the relative linear rates between sites with varying levels of estimated uncertainty. While differencing many pairs of tide gauges yields valuable information on the relative rates of sea level change throughout the network, it is clear that not all intersite differences may be treated as independent. A component of the residual noise is shared between differences formed between different pairs of tide gauges, due to the temporal and spatial correlations of what we describe as ocean noise.
Here, we build upon the strategy of Burgette et al. (2009) to estimate more precise and accurate rates of relative sea level rise from the network of tide gauges by combining observed rate estimates from the time series of both individual sites and intersite differences in a least-squares adjustment. In addition to incorporating the uncertainties of each rate estimate, we use estimated covariances among all of the observations in the adjustment. Using the observed rates, uncertainties, and associated covariances, we perform an adjustment using generalized least squares (e.g. Montgomery et al. 2006) to solve for the adjusted rates of linear sea level rise at all sites for periods beginning in 1993.0, 1966.0 and 1900.0 (Appendix A). As the rates of differences between tide gauges vary less with record length than those estimated from undifferenced time series (Fig. 3) , one benefit of this approach is that we are able to obtain robust rate estimates from many shorter duration tide gauge records (compared with the analysis time window, in which at least a significant number of gauges span the full analysis period).
GPS data and analysis
Our GPS data set includes the 12 continuous GPS sites in Australia with at least 5 yr of data within 100 km of a tide gauge. We use data beginning in 2000.0, excluding noisy, potentially biased data prior to improvements in the global tracking network, in particular the tracking algorithms in receivers that reduced the amount of low-elevation observations in parts of the network (Tregoning et al. 2004) . The GPS daily position time series are determined with a state-of-the-art analysis of a global network of high-quality GPS stations in the GAMIT/GLOBK analysis suite (Herring et al. 2008) . The processing method is homogenous through time and includes a number of improvements in modelling atmospheric effects that particularly affect the vertical component of GPS positioning ). Daily positions are determined in the ITRF2008 reference frame (Altamimi et al. 2011 ) using a small set of globally distributed reference sites with minimal hydrological and tectonic deformation (Tregoning et al. 2013 ).
We estimate rates from the vertical components of the GPS time series using the CATS software and a similar strategy to that employed for the sea level time series. We use a variable Figure 3 . Effect of record length on accuracy of rate estimation. Rates (black line) with one standard error range (grey lines) evaluated with a wh+gm noise model for three representative tide gauge records (see Fig. 2 for time series). Red lines show the rate determined from the full record. Rates estimated from individual site time series (a) are much more sensitive to record length than differences with other regional gauges (b) and (c). The difference of Albany from Fremantle (b), accurately records the relative rate with a record as short as the 1993-2011 altimeter subset. The slightly curved differenced time series involving Bunbury (c) shows a greater discrepancy when shorter subsets are considered; however, for time periods less than 30-40 yr, the estimated rate is less biased than a single undifferenced site.
white + power-law (vw+pl) noise model, simultaneously estimating a seasonal cycle comprising annual and semi-annual harmonics, a linear rate, intercept and step offsets at the times specified in the discontinuity list made available by the International GNSS Service (ftp://igs-rf.ign.fr/pub/discontinuities/soln.snx). We include one additional offset for each of the PERT and HIL1 time series at times of clear discontinuities visible in both the horizontal and vertical components. The variable white noise model uses the formal uncertainty from the GPS processing to appropriately weight each observed daily position estimate. In the absence of a physical explanation for generating power-law noise of a particular index in GPS time series, we estimate the spectral index rather than assuming a single, fixed value for κ, and thus employ the vw+pl noise model. The vw+pl noise model is consistent with the structure of the noise observed in GPS time series (e.g. Santamaría-Gómez et al. 2011) .
R AT E O F R E L AT I V E S E A L E V E L R I S E A RO U N D AU S T R A L I A
Altimeter time period: 1993-2011
The 43 tide gauges in our analysis with data from the period of satellite altimetry (from 1993.0 to 2011.0) provide a relatively dense set of observations of sea level around Australia ( Fig. 4 ; Table 1 ). The dominant signals in the monthly mean sea level time series are site-specific seasonal cycles, followed by clear ENSO-related interannual energy. We quantify the seasonal cycle by fitting functions with annual and semi-annual periods. The amplitude of the annual variation is dominant at all of the tide gauges, with the median amplitude of the semi-annual signal being 24 per cent of the annual amplitude. Fig. 4 shows the variation in the peak-to-trough range and phase of the seasonal sea level cycle, which varies systematically around the Australian coastline with minimum values in the southeastern quadrant facing the Tasman Sea. The greatest annual changes in sea level occur in tropical north Australia, with maximum ranges of over 1 m in the southern Gulf of Carpenteria, where annual climatic variations interfere constructively ( Fig. 4 ; Forbes & Church 1983) . The phase of the yearly cycle shows a similarly smooth pattern of variation. Southern Australia experiences maximum sea levels in the early winter, whereas the northern maxima occur in the austral summer, early in the year.
Over the altimetry period, analysis of the tide gauge time series using CATS and a power-law noise model shows sea level rising around the entire Australian coastline (Fig. 5a) , with strong variations that echo the spatial pattern of the seasonal cycles. The mean rate is 8.3 mm yr −1 , with a standard deviation (s.d.) of 4.6 mm yr −1 . The lowest rates occur in southeastern Australia, and estimated rates exceed 15 mm yr −1 at some tide gauges along the northern coast. One must be careful interpreting these values, because over this short time scale, the rates are dominated by the residual ocean noise present in the time series. The uncertainties are, on average, higher by a factor of 6.7 (mean) than what would be estimated if every observed monthly value were considered independent (white noise model). The ratio of uncertainties from coloured versus white noise models has a range of 1.2-22.7, with the high values at the tide gauges with the highest rates. Figs 5c and d show the source of this uncertainty. The noise spectra of the northern Australia tide gauges have spectral indices that approach −2, or random walk noise, limiting our ability to separate the underlying trend of the time series from the superimposed time-correlated noise. Likewise, for a given spectral index, tide gauge records with large amplitudes of power-law noise have greater uncertainties than time series with lower scatter around a linear trend. The δML values do not exceed the 95 per cent confidence limit, and all of the estimates in Figs 5a-d were estimated with the wh+pl noise model.
Applying the generalized least-squares adjustment (Appendix A) to the 1993-2011 data set reduces both the scatter in estimated rates Table 1 for names of tide gauges.
as well as greatly reducing the uncertainty of the rates (Figs 5e and f). The intersite differences are less affected by coloured noise, as the mean ratio of uncertainties of wh+pl to white-only noise models is 2.8. The adjustment procedure reduces the influence of common mode noise that changes strongly in character around the perimeter of Australia, while preserving the local and regional variations in the linear rate of change of sea level. The reduced variance of the adjusted data set is purely a consequence of the precise rate differences used in the adjustment. The average rate across the network of tide gauges, accounting for the output variance-covariance matrix of the adjustment, is 4.6 ± 0.8 mm yr −1 , (4.8 mm yr −1 median, 3.1 mm yr −1 s.d.) compared to 8.3 ± 4.6 mm yr −1 (mean ± s.d) for the unadjusted observations. Sea level rise of 3-5 mm yr −1 along the eastern and southern coasts is similar to or slightly greater than the global average rate of change for this time period (e.g. Church & White 2011) . Considerably more rapid rates of rise occur along the northern and western coasts of Australia, with the highest rates up to 13 mm yr −1 . Based on our analysis of longer duration tide gauges in southwestern Australia (Fig. 3) , the inputs to the adjustment for the post-1993 period likely contain biases at the >1 mm yr −1 level. Particularly, when we note that the southwest coast has a much lower level of annual energy than the north coast (Fig. 4) , we treat the high rates estimated for this short time period with caution. A small number of tide gauges have rates that stand out from this broad, smoothly varying pattern of sea level change, such as the Hillarys tide gauge in Perth, Western Australia. In the case of Hillarys, this short spatial scale change in relative sea level change rate corresponds to local vertical land subsidence that has been observed in the Perth area (section 5; Featherstone et al. 2012) .
Longer records with wide geographic distribution: 1966-2011
Several tide gauges were installed in the early to middle 1960s around Australia to establish the Australian Height Datum. We use the same end time (2011.0) and choose 1966.0 as the starting year for the second analysis window, as it corresponds to a temporally homogeneous data set of 14 tide gauges that circle Australia with interstation spacing close enough for regional noise to be relatively highly correlated across neighbouring stations. The 45-yr timeseries length of this window approaches previous estimates for the minimum data length needed to adequately resolve linear trends in sea level data from individual records (e.g. Douglas 1991) .
The variation in observed rates from the individual time series for the 1966-2011 analysis (Figs 6a and b) is lower than the more recent post-1993 window (Figs 5a and b) , reflecting a reduced effect of time variable noise on trend estimation. The average rate is 2.1 ± 1.0 mm yr −1 (mean ± s.d.), and a median of 1.8 mm yr −1 . The mean uncertainties are lower relative to a white-only noise model than those estimated from the 1993-2011 window, with a mean factor of 3.6. The spatial pattern is broadly similar to that estimated from the shorter time spans, with the highest rates in the north and west, and lower rates to the southeast. All of the time series from tide gauges in the western two-thirds of Australia are better fit by a wh+gm noise model than wh+pl at the 95 per cent confidence level, perhaps suggesting a boundary between different noise processes generated in the Indian and Pacific Oceans (Figs 6c and d) . Despite this boundary between noise models, both the estimated uncertainties on the rates and time-correlated noise amplitudes follow a fairly smooth pattern of variation. The spectral indices of the sites fit by the wh+pl model (Fig. 6c) are generally closer to white noise than what is inferred from the shorter 18 yr period (Fig. 5c ).
To refine and densify the estimates of sea level rise over the 1966-2011 period, we perform a second least-squares adjustment, with inputs comprising the observed rates of the 14 sites with complete time series (Figs 6a and b) and rates of differences involving all 43 tide gauges of varying record length (in most cases longer than those input into the previous adjustment). Although the approximation that the rates of intersite differences are independent of the time-series length is not perfect (Fig. 3) , this adjustment provides uncertain estimates of the rates that would have been measured if all the tide gauges were present over this full interval. The mean rate estimated from the full network considering the output uncertainty and covariance is 1.7 ± 0.6 mm yr −1 , with a standard deviation of 1.5 mm yr −1 , and a 1.6 mm yr −1 median. Using the rates derived from longer time series lowers both the magnitude and variability of estimated sea level rise around Australia in comparison to the 1993-2011 data set (Figs 6e and f) . The estimated rates of the 14 full duration sites do not change greatly in the adjustment, although the average rates and variation among sites are reduced: 1.9 ± 0.8 mm yr −1 (mean ± s.d.), and the median is 1.5 mm yr −1 . These results reflect the general correlation we observe in this data set between lower estimated uncertainties and lower rates of sea level rise (Figs 6a and b) , and the generally lower magnitudes of sea level change estimated between sites using differenced time series in contrast with comparisons made with rates estimated from single-site time series. The less pronounced longitudinal and latitudinal gradients in the rate of sea level rise around the continent allow greater resolution of finer spatial scale variations in the adjusted rates (Fig. 6e) . Some of the short-wavelength variations in the rate of relative sea level change are clearly related to local processes, such as the Perth (Hillarys and Fremantle) and Gulf St Vincent (Port Adelaide, Wallaroo and Port Stanvac) areas, and possibly others. However, some of the shorter spatial scale variation is related to spurious effects Table 1. of noise in the differenced time series being different in character from the full 1966-2011 set (e.g. Fig. 3 ). An example of this comes from the three sites on the central east coast (Yamba, Brisbane and Mooloolaba) that show scattered rates, but correspond with relatively large estimated uncertainties.
Longest records: 1900-2011
The longest records of consistent length begin in the late 1800s at Fremantle and Sydney. We determine rates for subsets that begin at 1900.0 for comparison with other sea level estimates with this start time. Exclusion of the first 3 yr of Fremantle's record negligibly affects the calculated rate of sea level rise (Fig. 3) . As for the 1966-2011 time window, Fremantle is best fit by wh+gm and Sydney is better matched by wh+pl (Fig. 1) . The full time series of the other 41 sites are used in forming intersite differences whose rates and uncertainties enter the adjustment by generalized least squares (Fig. 7) . Overall, the spatial pattern of sea level rise is generally similar to the results of the 1966-2011 adjustment (Fig. 6e) . The same sites generally exhibit short spatial wavelength variations in the rate of sea level change. In comparison to results from the shorter intervals, the rates are shifted to lower values, reflecting the lower rates of sea level rise (lower by 0.5 and 0.2 mm yr −1 for Fremantle and Sydney, respectively) estimated over this longer period. Propagating uncertainties from the adjustment, the network average rate is 1.4 ± 0.6 mm yr −1 . The standard deviation of the 43 sites is 1.4 mm yr −1 , and the median value is 1.2 mm yr −1 . The faster rate for the more recent analysis period is consistent with an acceleration sea level rise through the twentieth century (e.g. Church & White 2011), but may also be an indication that the ∼45 yr time period for the 1966-2011 data set is insufficient to obtain a robust linear rate that is insensitive to the effects of interannual and decadal climatic variations that have been observed in sea level time series (e.g. Feng et al. 2004; Chambers et al. 2012) . However, we note that the phase of a ∼64 yr period oscillation in sea level (Chambers et al. 2012) would be basically the same at the start years of the intervals in 1900 and 1966. If this fluctuation describes the dominant multidecadal variation in sea level, it may not have a strong effect on trends calculated over the intervals we have analysed.
R AT E S O F V E RT I C A L L A N D M O T I O N A N D G E O C E N T R I C S E A L E V E L C H A N G E
Our observed vertical land motion rates from the GPS time series show that the vertical deformation of the coast of continental Australia is occurring at generally low rates, consistent with the distance from active plate boundary zones (Fig. 8a) . The majority of the GPS sites do not exhibit rates that are significantly different from zero at the one standard error level (Figs 8a and b) . Only three of the sites show significant vertical displacement rates at the 2−σ level, with HIL1 (−3.1 ± 0.7 mm yr −1 ) and PERT (−2.1 ± 0.7 mm yr −1 ) showing significant subsidence, consistent with the ITRF2008 solution (Altamimi et al. 2011) . The uplift at YAR2 (0.9 ± 0.4 mm yr −1 ) appears higher than the ITRF2008 solution (0.1 ± 0.4 mm yr −1 ), but in closer agreement with solutions from other analysis centres (e.g. JPL: 0.5 ± 0.4 mm yr −1 ). The source of these differences and the suggestion of uplift remain unexplained.
Similar to the tide gauge data, the GPS time series with the greatest time correlation and largest magnitude noise occur in the northern portion of Australia (Figs 8c and d) . Larger noise magnitudes at lower latitude GPS sites have been observed in global analysis of noise in GPS time series (Williams et al. 2004) . This is most evident at DARW, where we estimate subsidence at a rate of −1.6 ± 1.4 mm yr −1 , and large magnitudes of hydrological deformation are observed ). Given the difference in sampling periods for the two data sets and the scaling scheme used in CATS (Williams 2008) , the noise amplitudes for the daily GPS data are higher by a factor of 2.3 than a data set sampled at a monthly period with the same level of spectral power, when flicker noise is considered. Hence, the level of noise in the GPS time series is an order of magnitude lower than what we observe in the sea level time series (Figs 6d and 8d) , and consistent with achieving equivalent uncertainties on rates when using only several years of GPS data in contrast to the decades needed for tide gauge data (Figs 6b  and 8b) .
To assess the influence of vertical land motion on tide-gaugebased inferences of absolute sea level rise around Australia, we compare the vertical land motion rates determined from the GPS analysis to the relative sea level rates determined in the 1900-2011 adjustment (Fig. 9) . The data generally follow an inverse relationship between crustal uplift rate and rate of relative sea level rise, although the scatter suggests that crustal deformation is not the primary control on the pattern of relative sea level change. The lower range of vertical land motion rates results in a less well-defined relationship than those observed in areas of active tectonism and postglacial isostatic adjustment (e.g. Milne et al. 2001; Mazzotti et al. 2008; Woodworth et al. 2009a ). The reference line in Fig. 9 represents a hypothesis that the mean rate of sea level rise from our adjustment (1.4 mm yr −1 ) represents an accurate estimate of the rate of geocentric sea level rise, and that this rate of sea level rise is constant around the coastline. Nearly all of the data fall within two standard errors of this line for both the sea level and GPS data. Some of the departures from this hypothesis result from the regional deviations from a continent-wide, constant rate of sea level change. Notably, most sites in the comparison are from southern Australia (Fig. 8 ) where estimated rates of sea level are lower than the mean. Another component of the scatter is due to the adjustment procedure not removing all of the biases in the linear rates caused by interannual and decadal sea level variations at the tide gauges, as discussed in Section 4.
Another complication in making such comparisons with the current data set is the separation between tide gauges and GPS of several kilometres to several 10 s of kilometres (Fig. 9) . In the Adelaide and Perth areas, where subsidence has been identified in previous studies (Belperio 1993; Ananga et al. 1995; Featherstone et al. 2012) , we find significant differences (up to 2.5 mm yr −1 difference in relative sea level rates over distances of <30 km). This short-wavelength variation in vertical rate caused the discrepancy in the Perth area in a global study that compared the GPS rate at the PERT site to the Fremantle tide gauge (Bouin & Woppelmann 2010) . The tide gauges in the area around Adelaide show a 2.6 mm yr −1 difference in relative sea level rise over 150 km distance between Port Stanvac and Wallaroo. Considering the short spatial scale of the variation in subsidence rates inferred in the area (Belperio 1993; Ananga et al. 1995) , and the 17 km separation between the Port Adelaide tide gauge and the ADE1 GPS site, it is difficult to quantify the rate of geocentric sea level rise in this region of South Australia with confidence.
The most rapid rate of relative sea level rise in our comparison data set occurs at the Hillarys tide gauge, with the co-located HIL1 GPS receiver that records the maximum subsidence rate of −3.1 ± 0.7 mm yr −1 (Fig. 9) . More careful analysis of the tide gauge and GPS time series gives insight into the potential effects of temporal variations in rates of crustal deformation (Fig. 10) . The Fremantle and Hillarys tide gauges are among the most closely spaced of the Australian network (27 km), and there is relatively low noise in the differenced time series from the two tide gauges (Fig. 2b) . The overall variability of the sea level difference and GPS time series are similar, with standard deviations of 10.3 and 10.4 mm (8.9 mm with offsets and seasonal cycle removed), respectively. Although there is no GPS receiver co-located with the Fremantle tide gauge, its lower rate of relative sea level rise (1.6 ± 0.2 mm yr −1 over 1900-2011) is consistent with this site being approximately stable. Assuming that the Fremantle tide gauge is stable, the difference of the Hillarys time series from Fremantle should reflect the vertical rate of Hillarys, directly comparable to the HIL1 GPS time series (Fig. 10) .
Vertical deformation at HIL1 does not appear to have occurred at a constant rate, with an apparent slowing of subsidence around 2008.5 (Fig. 10 , see also Featherstone et al. 2012) . Although over such short time spans the sea level difference rate is imprecise, there is a suggestion that the differential sea level record shows a similar slowing in the rate of subsidence at Hillarys. The full FremantleHillarys time series shown in Fig. 2 shows similar character of highly correlated values over short time scales, but with longer wavelength apparent changes in rates. Subsidence in the Perth area has been linked to groundwater extraction (Featherstone et al. 2012) . The Perth area is subject to rapid rates of groundwater depletion, and the rates of lowering of the water table are not constant through time (Bekesi et al. 2009 ). However, quantitatively explaining the temporal variation in subsidence is beyond the scope of this study. If rates of subsidence have changed through time in this area, as the GPS data suggest, comparisons such as Fig. 9 should be made with similar temporal records of co-located GPS and tide gauges. This location in Western Australia will provide a good example to answer such questions as both data sets grow in length and increase in precision.
D I S C U S S I O N
Relative and absolute sea level change around Australia
In making the assumption that the underlying signal of sea level rise is perfectly linear, we treat all other residual energy as 'noise' and recognize that much of this is, in fact, a different signal that is highly spatially and temporally correlated and related to shorter period (interannual to decadal) climate variability. Our adjustment strategy provides a mechanism to attenuate this variability component, as much of the variability is removed when forming local intersite differences in sea level. The output from our adjustment enables us to precisely image the pattern of spatial variation in the linear rate of sea level rise around the Australian coastline.
Our analysis of the Australian tide gauge network shows generally smooth spatial variations in the underlying linear rate of sea level rise (relative to the land), with exceptions at locations with known ground subsidence issues. The GPS-measured rates of vertical crustal deformation are consistent with the majority of the geodetic sites not experiencing statistically significant rates of vertical movement. Taken together, these observations suggest that the rates of relative sea level change from the higher quality tide gauges are not statistically significantly different from geocentric sea level rise around the Australian coastline within the current levels of uncertainty in both the GPS and tide gauge observing systems. The mean rates of sea level rise around Australia are similar to, or slightly higher than those inferred globally for similar time periods (Church et al. 2004; Church & White 2011) . The ∼2 ± 1 mm yr −1 higher rates of sea level rise we observe in northern Australia relative to the southern shoreline are greater than, and in the opposite sense of, the 0.4 mm yr −1 signal predicted for ongoing glacial isostatic adjustment (GIA) across the region following the most recent Pleistocene glaciation and associated change in water loading (e.g. Fleming et al. 2012) . The scatter remaining in the adjusted sea level rates, and the likely influence of climatic variability on the rates we estimate here suggest that a dense set of high-quality century-scale tide gauge records would be required to observe effects of GIA at the magnitudes predicted for Australia.
When estimating a sea level rate from a single tide gauge time series over a nominated time period, the rate will contain the effects of interannual to decadal ocean variability, and thus be different from the desired underlying secular rate of sea level rise, which we assume is constant. If the time correlation of the 'noise' is taken into consideration, the uncertainty about the estimated rate will reflect the contribution from ocean/climate variability. For sites in northwestern Australia, over the shorter altimetry period, such an estimation using CATS and a realistic noise model yields rates in excess of 15 mm yr −1 , with comparably large uncertainties (Figs 5a and b). Given the large uncertainties and the context provided by analysing longer time periods, such estimates should not be taken seriously as representing long-term sea level rise. Over the same period, our adjustment technique minimizes the contribution of the variability in an attempt to extract the underlying linear signal. On first inspection, the uncertainties from our adjustment process appear overly optimistic: they describe the statistical variation in the underlying adjusted linear trend and should not be interpreted as including the full contribution from ocean variability.
Simple unweighted least-squares estimation of rates from individual site time series indicates that the differences in relative sea level rates between the 1993-2011 and 1966-2011 data sets are highly significant for many tide gauges. However, the CATS fitting procedure accurately identifies the uncertainty in the estimated sea level rates due to the presence of time-correlated noise, and yields consistent rates and uncertainties for different subsets of the same time series. This emphasizes that longer time series are needed to conclusively identify the geographic variation of the long-term trend of sea level rise around Australia at levels approaching what we can achieve at Fremantle and Sydney currently, and that the timecorrelated noise must be taken into consideration when estimating the linear trends.
The long time series necessary to minimize the biases of timecorrelated noise for estimating linear trends are problematic should the underlying signal of long-term change significantly deviate from linear change. Global compilations (e.g. Woodworth et al. 2009b) show acceleration in sea level rise over the span of tide gauge data. Given the level of noise we observe in the individual time series we studied here, it seems unlikely that a simple linear model could be rejected with a high level of confidence in favour of a quadratic model for any of the individual Australian tide gauge time series. However, acceleration in the time series will not be fit by the linear model we employ and will add to the low-frequency power in the residual time series, biasing estimates of time-correlated noise and uncertainty to higher values than if we truly knew the form of the underlying sea level change signal. Likewise, potential time variations in crustal deformation rates, as is suggested for the Perth area (Fig. 10) , will bias rates and associated uncertainties for both GPS and sea level time series when analysed assuming a linear model.
Implications for future higher precision sea level rates
The large rate uncertainties estimated for individual sites using CATS for the sea level data set are consistent with the inference from previous tide gauge studies (e.g. Douglas 1991 ) that time series of several decades in length are necessary to precisely and accurately resolve an underlying linear rate in the presence of noise commonly found in individual tide gauge records (Fig. 3) . This point is emphasized by comparison to an earlier study of the spatial variation of relative sea level change around Australia, which found relative sea level fall in northern Australia, and more rapid sea level rise to the south (Aubrey & Emery 1986) . With a growth in length of the observational data set of over a decade, we find the opposite geographic pattern of relative sea level change (Fig. 7) . Given that the early portion of our records is the same as was analysed in this previous study, we infer that decadal fluctuations bias trend estimates made on short time intervals of two decades (e.g. Zhang & Church 2012) , and possibly the current 45 yr records at many tide gauges. These observations motivate better understanding of the relationship between time-series length and rate uncertainty in the presence of significant interannual oceanic variability, which is treated in our study as time-correlated noise.
Our time-series analysis yields estimates of the noise types and associated parameters for the Australian tide gauge records (Figs 5 and 6). The longer duration records of the 1966-2011 data set appear to characterize the noise in the time series more accurately than the 1993-2011 data. Fig. 11 shows predicted standard errors of linear rates given the noise levels and other spectral information estimated from the tide gauge time series using CATS. We use representative noise parameters of the multiple sites in the groups best fit by wh+pl and wh+gm noise, and expressions derived from the noise covariance matrices appropriate for the coloured noise models (Williams 2003 , S. Williams, personal communication, 2012 . The mean values for the two coloured noise models follow similar trajectories, with a crossover in uncertainty levels at approximately 75 yr, with more precise rates from power-law noise for shorter records, and Figure 11 . Predicted time evolution of uncertainties of relative sea level rates based on noise parameters estimated from Australian tide gauge records. The solid line for each noise type is generated with the median noise parameters for that noise type in the 1966-2011 data set (Figs 6c and  d) , and the dashed lines below and above use the minimum and maximum uncertainties estimated from these data, respectively.
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Tide gauge stability
The existing network of GPS receivers near tide gauges in Australia is helpful in assessing the vertical motion of the broader setting of the nearest tide gauges, but only the co-located tide gauges and GPS antennas at Hillarys and Burnie currently allow direct monitoring of the geocentric stability of the tide gauges. The situation is improving with GPS receivers installed in the last 4 yr at or near many more tide gauges as part of the AuScope initiative (Coleman et al. 2008) . GPS receivers do not need to be precisely co-located with tide gauges to monitor tide gauge stability, and in some cases benefit by being positioned away from the immediate tide gauge vicinity, as long as relatively regular ties are made between the tide gauge sensor by levelling and/or additional GPS observations (Bevis et al. 2002) .
Another key way to monitor tide gauge stability is through maintaining a spatially dense network of tide gauges. The high correlation of noise in the time series means that relatively small offsets or changes in rates can be identified from the differenced time series, and problematic tide gauges may be identified if anomalies are present in differences with at least two neighbours. This process works at a much higher level of precision for the Australian network since the 1990s. Careful re-analysis of the levelling records of several tide gauges in the PSMSL RLR data set from the west coast of the United States showed that portions of the time series were biased by up to 1.6 mm yr −1 in both positive and negative senses due to local benchmark instabilities (Burgette et al. 2009 ). Even these significant levels of instability are difficult to definitively detect in differenced time series and motivate retrospective analyses of datum stability where the data are available.
The region around the long-running Fort Denison tide gauge in Sydney Harbour is a strong candidate for better geodetic monitoring, given its importance for constraining sea level over more than a century. Although likely not significant given the current record length, the ABSLM tide gauge at Port Kembla, which is 75 km south of the Fort Denison tide gauge, shows a more rapid rate of sea level rise by ∼0.6 mm yr −1 compared to Fort Denison. The small island position of Fort Denison precludes assessing relative stability of the tide gauge beyond its local setting using terrestrial surveying methods, but a GPS site, FTDN, was installed at Fort Denison in 2012. Likewise, it is difficult to assess the stability of the Port Kembla tide gauge on a regional basis with the current tidal benchmark levelling. The discrepancy in rate between Sydney and the long-running tide gauges at Newcastle 116 km to the north led Douglas (1991) to exclude both of these sites from a global compilation. The difference in rate at Newcastle has since been attributed to mining-related subsidence (Watson 2011) , and we do not use data from Newcastle area tide gauges prior to 1966 in our study. Continuous GPS receivers have been installed in the vicinity of both Newcastle and Port Kembla since 2010, so future studies will be able to better separate local vertical deformation effects from the records of relative sea level being collected at these tide gauges.
Noise sources and implications for sea level uncertainty
The general geographic correlation we observe between the amplitude of the seasonal cycle of sea level and the level of timecorrelated noise (Figs 4-6) provides evidence supporting the idea that a portion of the coloured noise enters the residual time series through our assumption of a seasonal cycle with fixed amplitude and phase. Stochastic variations in the seasonal cycle by power-law or Gauss-Markov processes can produce power spectra that resemble those generated by long-term time-correlation processes despite the modulation only occurring at an annual frequency and related harmonic(s) (Davis et al. 2012) . Interpreting the residual signal in the time series as being produced by a single long-memory process results in an overestimation of the rate uncertainties, if this seasonal modulation process is most important (Davis et al. 2012) . If the departures from the average seasonal cycle tend to be a similar relative fraction of the total amplitude around the entire coastline, this process will contribute a much greater magnitude of time-correlated noise to the tide gauge records in northern Australia, where the seasonal variation is much more energetic.
In contrast to the geodetic measurements of crustal movement that have been the focus of much of the research into the effects of time-correlated noise in time series, there are well-known quasiperiodic cycles that affect sea level time series at interannual and decadal periods including El Niño/Southern Oscillation and the Pacific Decadal Oscillation (e.g. Feng et al. 2004) . Longer term sea level variations from these oceanic processes clearly impact the estimation of the underlying rate of sea level change beyond the impacts of variation in annual periodic signals (Zhang & Church 2012) . There are higher uncertainties and levels of time-correlated noise for tide gauges in southwestern Australia compared to records from the northeastern coast (Fig. 5) despite the ranges of the seasonal cycles being similar in both areas (Fig. 4) . Clearly, differing levels and patterns of oceanic noise enter the tide gauge time series in different regions, making the problem of separating long-term trends from quasi-periodic signals particularly difficult. Furthermore, as noted in Introduction, the tide gauge data may include significant lags and interactions between processes described by climatic indices. Additionally, there are likely correlations between the modulation of the seasonal cycle and the lower frequency signals. Stochastic estimation of changes in seasonal cycle parameters and longer-term rates holds potential promise for determining more accurate sea level rates and uncertainties. Given the complications, we feel our conservative approach of interpreting the departures from a simple linear model as the noise component is appropriate at this time.
C O N C L U S I O N S
We have analysed tide gauge data to provide a current view of the pattern of ongoing sea level rise around continental Australia. When the noise structures of the time series of relative water levels are taken into account, only the two century-scale tide gauge records yield uncertainties on the rate of sea level rise at the 0.2 mm yr −1 level or better. However, by taking advantage of the high precision of differenced time series for the many pairs of tide gauges that ring the Australian coastline, we are able to estimate much higher precision estimates of the rate of relative sea level change at the shorter duration sites. Propagating the uncertainties from the adjustment, we find the average rate of sea level rise around Australia since 1900 to be 1.4 ± 0.6 mm yr −1 for the network of 43 tide gauges, with the highest rates (∼3-5 mm yr −1 ) occurring in northern Australia, and the lowest rates (∼0-2 mm yr −1 ) along the southern coast. The pattern is similar for the analysis over the period 1966-2011, with the mean rate shifted to 1.7 ± 0.6 mm yr −1 , consistent with an accelerating rate of sea level rise and other global analyses of mean sea level change. Although our adjustment process minimizes the effects of long-period ocean signals on the estimation of centuryscale linear rates, it is possible that the record lengths are still too short to accurately define rates of relative sea level rates at many of the tide gauges, even with the enhanced resolution of our leastsquares adjustment strategy. This may be particularly true along the tropical north coast, where the seasonal cycle is most energetic and the residual time series have the strongest temporal correlation.
Analysis of the 12 GPS-tide gauge pairs where we have adequate vertical deformation rates from GPS and relative sea level rates suggests the majority of tide gauges are recording geocentric sea level rise at the current accuracy/precision level of our measurement systems. The most anomalous tide gauge rates (particularly the Hillarys tide gauge near Perth) correlate with GPS observations of significant rates of crustal subsidence. This observation suggests that much of the local variability around the mean rates may be due to other currently unmeasured instabilities of tide gauges and benchmarks, or broader crustal deformation. Our observations underscore the importance of maintaining a dense network of long-term tide gauges that measure water levels against stable and consistent datums, and the need to continue co-location of continuous GNSS receivers and high-quality tide gauges.
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A P P E N D I X A : L E A S T -S Q UA R E S A D J U S T M E N T M E T H O D
Our adjustment technique estimates the adjusted rate of relative sea level rise, RSL
Ad j i
, at each tide gauge, i, in the network using two types of observation equations and a solution through the method of generalized least squares (Fig. 2a, black lines) . First, for each tide gauge with observations over the full analysis time period, we use individual time series and CATS software (Williams 2008) to calculate the rate and associated uncertainty, RSL C AT S i and σ C AT S i (Fig. 2a , blue lines for sites with black labels). Second, we difference time series from specific pairs of tide gauges i and j, and estimate using CATS the differential rates of relative sea level change and associated uncertainty, C AT S i j and σ C AT S i j (Fig. 2b, blue lines) . Each differential rate is estimated using data from common epochs for gauges i and j, within the temporal window of the analysis. , selected from i's geographically nearest 10 neighbours. We ensure that any given differential rate is used only once (i.e. if 
where v i and v i j are the residuals related to each observation.
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